INTRODUCTION
Microorganisms are the major drivers of biogeochemical cycles on Earth (van der Heijden et al., 2008) , substantially affecting carbon (C) and sulfur (S) metabolism, organicmatter degradation, nitrogen (N) efflux and phosphorus (P) mobilization in the environment (Zarraonaindia et al., 2013; Vanwonterghem et al., 2014) . Those processes may result in CO 2 elevation, greenhouse gases release, nutrient loading and water consumption, which coupled with changes of interacting spheres of the earth (Chapin et al., 2000; Bardgett and van der Putten, 2014) . Comprehensive investigation of microbial taxonomic composition and functional-gene di-versity and abundance are key for a better understanding of microbially mediated biogeochemical processes and their current global changes (Stevenson and Cole, 1999; Penuelas et al., 2013; Graham et al., 2016) .
Culture-independent molecular technologies have been widely adopted to investigate microbial phylogenetic and functional diversity and to evaluate their responses to environmental changes (Zhou et al., 2015; Deng et al., 2016; Feng et al., 2017) . The array-based PhyloChip (a high-density 16S gene oligonucleotide microarray) and highthroughput sequencing of 16S rRNA gene fragments are two commonly reported methods for determining the structure of microbial-community composition (Schmidt et al., 1991; Hazen et al., 2010) . Metasequencing, including shotgun metagenomics, metatranscriptomics or their combination, enables the functional characterization of novel genes, phylotypes, regulators and metabolic pathways (Weinstock, 2012) . The microarray-based GeoChip is more specific than sequencing-based technologies for detecting functional genes of interest, especially genes involved in elemental biogeochemistry (Tu et al., 2014) .
Sequencing-based metagenomics and hybridization-based microarray technologies have been successfully applied in studies of microbial ecology with high gene coverage and resolution and can generally determine the relative abundance of microbial taxa and functional genes in microbial communities, enabling comparison among environmental samples. Relative abundances are the proportions of specific taxa or genes in microbial communities, enabling the detection of increases or decreases; however, relative abundance cannot well evaluate the impact of microbialcommunity size on the abundance of taxa and genes. Quantification of absolute abundance, i.e. copy numbers of functional genes or their transcripts, is vital for evaluating the functional capacities and potentials of microbial communities. The prediction of N-cycling processes can be improved more using information of functional-gene abundance than microbial diversity (Graham et al., 2016) . Quantitative PCR (qPCR) is the most adopted method to measure the copy number of functional genes. For example, an analysis of oceanic nitrification identified the dominant role of amoA (archaeal ammonia mono-oxygenase alpha subunit for aerobic ammonia oxidation) in an archaeal community by correlating its gene abundance with ammonium concentration (Wuchter et al., 2006) . The abundances of amoA, nirK/S and nosZ were used to assess the changes in nitrification and denitrification potential across a vegetation gradient (Petersen et al., 2012) .
Biogeochemical nutrient cycling is a complex process consisting of numerous steps, each mediated by various functional genes. For example, N cycling is composed of several processes, including N fixation, nitrification, denitrification, ammonification, anaerobic ammonium oxidation, organic N mineralization and assimilatory and dissimilatory N reduction, with over 20 key microbial functional genes involved, including different forms of nifH, amoA /B, napA, narG, nirS/K, nosZ, hzo and hzsA/B (Kuypers et al., 2018) . The comprehensive evaluation of microbial functional potential in CNPS biogeochemical cycling requires obtaining quantitative data for all these genes, which is extremely laborious when using conventional qPCR to process many environmental samples. Besides, current knowledge of functional genes involved in P cycling is more limited than for C, N and S cycling. As far as we know, ppx (exopolyphosphatase), ppk (polyphosphate kinase) and phytase genes are the most reported P-cycling genes (He et al., 2010) . Primers for genes responsible for inorganic-P solubilization, alkaline phosphatase (hydrolysis of phosphoric monoesters) and C-P lyase, are not available, which hinders the quantitative evaluation of microbially mediated P cycling. To address these limitations, this study (i) designed a set of primer pairs targeting functional genes involved in P cycling and (ii) developed a high-throughput qPCR-based functional-gene chip detection method, QMEC, for the simultaneous quantification of CNPS-cycling genes and further assessment of microbial potentials in CNPS biogeochemical dynamics and microbial responses to environmental changes. QMEC contains 36 reported and 36 novel primer pairs involved in C, N, P and S cycles. The coverage, specificity and efficiency of the designed primers were validated, and the performance of QMEC was evaluated, by analyzing the functional-gene abundance and diversity of soil and sediment samples.
RESULTS

Specificity and coverage of the designed primers
We designed 36 primer pairs that could potentially amplify genes involved in C, N, P and S cycling (Table S1 in Supporting Information). These primers annealed to conserved regions of the target genes and produced amplicons averaging 332 bp (ranging from 240 bp for gdhA to 464 bp for xylA).
Matched sequences of each gene (434,335 sequences) were phylogenetically analyzed. A total of 42 phyla were represented, with an average of 18±12 phyla and a range of two to 30 phyla per gene. The dominant matched taxa were Alphaproteobacteria (18.4%), Gammaproteobacteria (16.5%) and Actinobacteria (11.4%).
Assessment of QMEC
The HT-qPCR QMEC results were validated by the quantification of the 18 selected genes using conventional real-time qPCR under optimal PCR conditions ( Figure 1C ). The accuracy for all 18 genes averaged 101.25%±8.27%. The 
Application of QMEC to environmental samples
QMEC was then applied to the soil and sediment samples to illustrate the patterns of microbial functional-gene structures. Nearly all of the 72 genes were detected; only hzo and hzsA in soil and ipu in sediment were not detected (Table S2 in Supporting Information). The NMDS analysis identified significantly different functional-gene structures between the soil and sediment, where replicates of each sample clustered together and the soil and sediment samples were well separated along the first axis ( Figure 2A ). Three replicates of each gene were gathered and many genes were well separated from each other ( Figure 2B ). Bacterial populations (16S rRNA gene) and the absolute quantities of the functional genes were significantly larger in all three soil samples than the sediment samples, but the relative abundances of all functional genes were significantly higher in the sediment samples ( Figure S1 in Supporting Information, P<0.05). The clustering analysis of relative gene abundance found that the soils and sediments were well separated into two clusters ( Figure 2C , P<0.01). The abundance of functional genes is summarized in Table 1 based on their functions. Nearly all functional genes were significantly more abundant in soil than sediment except for the genes involved in lignin hydrolysis, anaerobic ammonium oxidation and S oxidation (Figure S2 in Supporting Information, P<0.05) , and mcrA abundance was also higher in sediment.
The relative abundances of the detected genes were analyzed to determine the differences between the soil and sediment samples. Gene abundance was generally lower in the wheat (H1) than the maize (H2) and soybean (H3) soils, and the abundances of most of the functional genes in H2 and H3 soil differed significantly from those in the sediments (P<0.05). The potentials for starch (amyX) and pectin (pgu) hydrolysis were significantly higher in H2 than H1 and H3 (P<0.05, Figure 3A ), and the abundances of genes for hemicellulose (abfA) and cellulose (cex) hydrolysis were highest in H3. The abundance of the gene for C fixation (accA) was significantly higher in soil than sediment (P<0.05, Figure 3B ). The abundances of pccA, smtA, frdA, mct, rbcL and acsA were significantly higher in H2 and H3 than H1 (P<0.05). The genes involved in N fixation were 20-fold more abundant in H3 than H1 and H2 ( Figure 3C ). The ureC and napA abundances were significantly higher in soil than sediment, and the genes involved in anaerobic ammonia oxidation (hzo, hzsA and hzsB) were significantly more abundant in sediment (P<0.05). The potentials of organic N mineralization (gdhA) and nitrification (amoA and amoB) were significantly higher in H2 and H3 than H1 (P<0.05). Gene abundance (bpp, cphy, phoD and phoX) for organic-P mineralization was significantly higher in soil than sediment, and genes for solubilizing inorganic P (gcd and pqqC) were significantly more abundant in H2 and H3 than H1 (P<0.05, Figure 3D ). The abundances of some genes for S and methane cycling (dsrA, pmoA and pqq-mdh) were highest in H1, but others (soxY, apsA and mxaF) were significantly higher in H2 and H3 (P<0.05, Figure 3E ).
DISCUSSION
Design and assessment of QMEC
This study developed QMEC based on HT-qPCR for comprehensively profiling functional genes involved in C, N, P, S and methane cycling. Many genes are critical to CNPS cycling, but the lack of appropriate primers hinders the quantification of these genes and the further assessment of microbial potential in CNPS cycling. We successfully designed and introduced 36 new primer pairs targeting these genes to supplement the missing genetic tools for analyzing microbially mediated biogeochemical processes. These genes are involved in C hydrolysis, C fixation, methane metabolism and N, P and S cycling. Previous studies of P cycling have focused on a limited set of functional genes, e.g. only three genes were targeted by GeoChip 4.0 (ppx, ppk and phytase) (Tu et al., 2014) , which may be inadequate for the comprehensive evaluation of microbial potentials of organicor inorganic-P use. We designed and introduced seven new primer pairs to amplify genes involved in P cycling: including two acid phosphatase genes (bpp, β-propeller phytase, which is the dominant phytase in water and soil (Lim et al., 2007) , and cphy, ruminal cysteine phytase (Sebastian and Ammerman, 2009; Ragot et al., 2017) ), two alkaline phosphatase genes for phosphate use (phoD, which has been identified in 13 bacterial phyla and 71 families in soil (Ragot et al., 2015; Ragot et al., 2017) , and phoX, which is widely distributed in aquatic systems) and phnK, which hydrolyzes organophosphorus compounds (C-P bonds). The organic acid 2-keto-D -gluconic acid has a high ability to solubilize inorganic P (Hwangbo et al., 2003) , which requires a pyrroloquinoline quinone (PQQ) co-factor. We thus designed primer pairs for a PQQ-dependent glucose dehydrogenase gene (gcd) and its cofactor gene pqqC for assessing the potential for inorganic-P solubilization.
Primer pairs targeting genes with the same function but covering extended taxa were also designed and introduced in H3-1 H2-2 H2-1 QMEC. Conventional nirK and nirS primers (nirK1 and nirS1 in this study) typically cover denitrifiers from Alpha-, Beta-and Gammaproteobacteria (Katsuyama et al., 2008; Yoshida et al., 2012) . The recently reported nirK and nirS primers (nirK2, nirK3, nirS2 and nirS3 in this study) with a greater diversity of targets, including Actinobacteria, Bacteroidetes, Chloroflexi and Euryarchaeota, were also introduced for comprehensively estimating denitrifying potential .
The specificity and phylogenetic coverage of the primers designed in this study were assessed by BLAST searches against the NCBI database and the analysis of amplicon sequences. These primers covered an average of 18±5 phyla. All newly designed primers had >70% specificity, and 20 primers had >80% specificity ( Figure 1A) , suggesting that the designed primers were applicable in functional-gene detection. The 20%-30% mismatch rate may have been due to the unified HT-qPCR protocol to ensure the simultaneous detection of multiple functional genes rather than to suboptimal amplifying conditions of primer pairs. The phylogenetic analysis identified distinct taxonomic compositions of functional genes between the soil-and sediment-derived sequences ( Figure 1B) , suggesting that the coverage of the designed primers was sufficient to identify various taxa under different environment contexts. Annealing temperature is critical for accurate amplification since diverse annealing temperatures may alter primerbinding kinetics and result in quantification bias, especially in using primers with degenerate positions (Lueders and Friedrich, 2003; Gaby and Buckley, 2017) . One benefit of HT-qPCR based on SmartChip Reat-time PCR system was one-time amplifying of numerous genes with one PCR protocol, which has been extensively proved to be efficient in antibiotic resistance gene amplification (Chen et al., 2016; Zhu et al., 2017) . For further confirm, the accuracy and precision of QMEC were tested by comparing the results for 18 randomly selected genes to those using conventional qPCR. The amplification accuracies of QMEC were similar to those for conventional qPCR ( Figure 1C , nearly 100%), suggesting that the QMEC protocol could simultaneously detect multiple genes. The CV was low (1.06%±0.74%, Table S2 in Supporting Information), indicating that QMEC amplification was stable and precise. This finding was in accordance with a previous report that WaferGen SmartChip were capable of C T standard deviations <0.2 or CVs <3% (Saunders, 2013) .
Application of QMEC
QMEC was further applied for profiling functional genes in soils and estuary sediments. Functional-gene structure, gene abundance and gene diversity (Figures 2C and 3; Figures S3 and S4 in Supporting Information) differed significantly between soil and sediment. Interestingly, the relative and absolute abundances of most of the functional genes were reversed between the soil and sediment samples ( Figure 2C ). For example, the absolute abundance of acsA was highest in H2, but its relative abundance was highest in Q3. Absolute gene abundance in pooled replicate samples from one site were well separated from the abundance in samples from different sites (Figure 2A) , and absolute gene abundance differed significantly (P<0.05) between soil and sediment and between different soils (Figure 3) , suggesting that QMEC could successfully differentiate between functionalgene profiles of different environments. QMEC can quantify absolute gene abundance (copy number), unlike metagenomic sequencing and microarrays ( Figure S2 in Supporting Information). Gene copy number of functional gene reflects the absolute quantities of functional genes in one environmental sample based on qPCR technology. This technology is commonly applied in ecological studies and believed to be precise, high-sensitive, reproducible and easy-to-interpret. Previous studies have found that key biochemical processes were strongly associated with absolute functional-gene copy numbers. For example, the absolute abundances of various N-cycling genes, including nifH, amoA, nirS, nirK and nosZ, were sensitive to long-term N enrichment in a steppe ecosystem (Zhang et al., 2013) . The absolute abundances of nirS, nirK and other N functional genes were able to account for differences in denitrifying rate, ammonia availability and rate of nitrate transformation in different wastewater-treatment systems (Wang et al., 2015; Wang et al., 2016) . Although currently GeoChip and metagenomics are used to acquire microbial functional genes and their structures and to relate them to biogeochemical processes, the gene copy number obtained by qPCR is still of vital importance. For example, GeoChip was applied in a deep-sea hydrothermal vent to determine the differences of metabolic function between samples; however, the qPCR method was also used to quantify the gene copy number of 16S rRNA, mcrA, cbbL and cbbM gene, interpreting the abundance difference between bacterial and archaea community, uncovering the potentials of predominant biogeochemical process (methane metabolism and CO 2 fixation) and making relations with functional community (Wang et al., 2009) . A report in Antarctic area used GeoChip to detect the variation of functional genes with different chemical and biogeochemical properties; however, the most highly detected N-and Ccycles genes were also precisely quantified by qPCR to evaluate the functional redundancy (ammonia oxidation, Cfixation, methane oxidation and generation, etc.) among the dominant microbial community members (Yergeau et al., 2007) . Similar examples could be found in previous studies (Zhou et al., 2008; Trivedi et al., 2012) .
The RNA-level measurements could provide information about microbial community dynamics because the RNA could directly relate to the specific function of protein synthesis (Blazewicz et al., 2013) . Elser et al. also indicated the RNA, especially ribosomal RNA (rRNA) as rapid protein synthesis, directly or indirectly related with evolutionary processes and consequently ecological dynamics (Elser et al., 2000) . However, the RNA abundance may not always be a greater biogeochemical indicator than DNA. For instance, a survey of planktonic Crenarchaea in the Pacific Ocean indicated that the gene abundance (copy number) of amoA, which expressed ammonia monooxygenase subunit A for aerobic oxidation of ammonia, strongly correlated with ocean depth while the transcript of amoA gene (RNA level) showed non-significant relevance (Church et al., 2010) . The meta-transcriptome analysis or high-throughput sequencing of RNA genes may comprehensively give a functional profiles of gene expression. For example, a pyrosequencing analysis of microbial community RNA in ocean surface waters, which produces large amounts of cDNA fragments, proved that the genes of key metabolic pathway could be obtained and the abundance of key genes favorably compared to independent qPCR assessments of individual gene expression (Frias-Lopez et al., 2008) . However, the pyrosequencing-based technology, no matter in DNA or RNA level, is prone to artifacts where single DNA fragments are duplicately sequenced, which limited its application to relate with biogeochemical potentials. As Gifford et al. have indicated that qPCR approaches can provide absolute numbers with greater sensitivity, the actual limitation is simultaneous detection of a handful of functional genes (Gifford et al., 2011) .
The idea of QMEC provides an effective solution to both accurate quantification and simultaneous detection. However, as all the degenerate primer designer may face, there existed a non-target amplification of our designed and cited primers. The best way to avoid this problem is to massively expand testing samples and their types, which is far more than easy to achieve in this study. The best usage of QMEC is to make choices of really needed primers rather than using all of them.
MATERIALS AND METHODS
QMEC is a qPCR-based chip containing 71 microbial CNPS primers and one bacterial taxa primer, which could parallel quantify 72 DNA samples or 24 samples with three replicates in one time.
QMEC primers
QMEC contained a total of 72 primer pairs: 36 designed pairs, 35 published pairs and one pair targeting the bacterial 16S rRNA gene as the reference gene (Table S1 in Supporting Information). Most published primer pairs originated from previous studies, including those targeting a new functional gene (pqqC) from a recent study (Zheng et al., 2017) or genes with extended phylogenies such as nirK2, nirK3, nirS2 and nirS3. We designed 36 novel primer pairs, in which primers specific for acsA, korA, lig, mmoX, phnK, pqq-mdh, ppx, soxY and yedZ genes were designed based on the conserved regions of amino acid sequences aligned using ClustalW2 (Larkin et al., 2007) . Degenerate primers for abfA, accA, acsE, amyA, amyX, apu, cdaR, cdh, cex, chiA, exo-chi, frdA, gcd, gdhA, glx, ipu, manB, mct, mnp, naglu, pccA, pgu, pox, ppk, sga, smtA and xylA were designed using Primer Premier 5.0 (Lalitha, 2000) .
Soil and sediment sampling
Samples of surface soils (0-15 cm) from wheat (Triticum aestivum L.) (H1), maize (Zea mays L.) (H2) and soybean (Glycine max L.) (H3) fields were collected after harvest in June 2014 from a long-term cropped site in Hailun, Heilongjiang, China (47°26′N, 126°38′E) . The samples were lyophilized, sieved (2.0 mm) and stored at −20°C for further analysis. Sediment samples (top 15 cm) (Q1, Q2 and Q3) were collected using a grab sample from the estuary of the Qiantang River in Hangzhou, Zhejiang, China (30°39′N, 120°52′E) during summer 2013 ( Figure S3 in Supporting Information) . All samples were transferred to the laboratory on dry ice and stored at −20°C before analysis.
DNA extraction and quantification
DNA was extracted from the soil and sediment samples using the FastDNA Spin Kit for Soil (MP Biomedicals, USA) following the manufacturer's instructions. DNA quality was checked by ultraviolet absorbance (ND1000, NanoDrop, Thermo Fisher Scientific, USA). DNA concentration was determined using the QuantiFluor dsDNA kit (Promega, USA). DNA extracts were diluted to 50 ng μL −1 with sterilized water and stored at −20°C before use.
Validation of primers
The specificity and taxonomic coverage of the 36 designed primer pairs were assessed by sequence analysis of the corresponding amplicons from the environmental samples. The DNA extracts from the soil (H1-H3) and sediment (Q1-Q3) samples were equally mixed as soil-and sediment-derived DNA templates (HD and QD, respectively , and the highest score was accepted. The aligned result with hypothetical protein was excluded. All sequences were submitted to the National Center for Biotechnology Information Sequence Read Archive with the accession numbers SRP107153 and SRP107154.
HT-qPCR
The H1-H3 soil and Q1-Q3 sediment samples were used as examples for QMEC detection quantified by HT-qPCR (SmartChip Real-time PCR system, WaferGen Biosystems, Fremont, USA) using the 16S rRNA gene (F525/R907) as the reference gene (Su et al., 2015) . The chip reaction systems were prepared following manual instructions. The qPCR protocol was an initial denaturation at 95°C for 10 min with 40 cycles of denaturation at 95°C for 30 s, annealing at 58°C for 30 s and extension at 72°C for 30 s. The melting curve was automatically generated by the WaferGen software. Three replicates of each sample were amplified to analyze the reproducibility of QMEC. Results with multiple melting peaks or amplification efficiencies <80% and >120% were excluded by the SmartChip qPCR software. The results with a threshold cycle (C T ) <31 were used for further analysis. Relative copy number was calculated as described by (Looft et al., 2012) . Relative gene abundance was defined as the proportion of the abundance of a functional gene to the abundance of the 16S rRNA gene (equation 1). Absolute gene abundance was calculated based on the absolute 16S rRNA gene copy number quantified by conventional qPCR where Fun and 16S indicate the functional and 16S rRNA genes, respectively (equation 2) .
GR C Gene relative copy number = (31 ) / (10 / 3),
T GA GA GR GR Gene absolute copy number = .
Fun 16S Fun
16S
Assessment of QMEC
We randomly selected 18 genes (the 16S rRNA gene, apsA, cdaR, chiA, dsrB, frdA, hzsB, manB, mcrA, nifH, nirK1, nirS1, phnK, phoD, pqqC, rbcL, smtA and ureC) for quantification by conventional real-time qPCR (LightCycler 480, Hoffmann-La Roche, Switzerland) for comparison with the results from the HT-qPCR. The 16S rRNA gene was used as the reference gene (Zheng et al., 2017) . DNA from the HD and QD samples was prepared (n=3) and used for quantification in the LightCycler 480 System. The reaction mixture consisted of 0.2 μmol L −1 each primer, 10 ng of template DNA and 1× SYBR premix Ex Taq. The protocols for the various genes are listed in Table S4 IN Supporting Information. Standard plasmids of each genes were prepared by amplifying the 18 genes in 50-μL volumes containing 1 μL of Premix Ex Taq (TaKaRa), 0.2 μmol L −1 each primer and 1 ng μL −1 DNA template. The amplicons were then inserted into pMD 19-T vectors (TaKaRa). The concentration of plasmid DNA was measured using a QuantiFluor dsDNA kit (Promega). qPCR Standard curves were generated using 10-fold serially diluted plasmid DNA with 90%-110% amplification efficiency. The copy numbers of the target genes were calculated based on the standard curve and were compared with those generated from the QMEC results. The limit of detection (LOD) of QMEC was determined using 10-fold serial dilutions of the standard plasmids of the 18 genes from 10 6 to 10 12 copies μL −1
, with at least three replicates for quantification. The reaction system and protocol were the same as for the HT-qPCR described above. Replicates with C T standard deviations <1 were included in the calculation of LOD.
Statistical analysis
Mean, standard deviation (SD) and coefficient of variation (CV, the ratio of SD to mean) were calculated using Office 365. Correlation and variance (ANOVA) analyses used SPSS Statistics 21.0. Bar plotting and cluster figure generation, nonmetric multidimensional scaling (NMDS), an analysis of similarity (ANOSIM) and a heatmap analysis were conducted using the ggplot2 (Ito and Murphy, 2013) , plotly (Sievert et al., 2016) , vegan (Oksanen et al., 2013) and pheatmap (Kolde and Kolde, 2015) packages of RStudio version 3.4.2, respectively. The supporting information is available online at http://life.scichina.com and https://link.springer.com. The supporting materials are published as submitted, without typesetting or editing. The responsibility for scientific accuracy and content remains entirely with the authors.
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